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Surface  enhanced  Raman  spectroscopy  combined  with  transposed  Orthogonal  Partial  Least  Squares  (T-
OPLS)  was  shown  to produce  chemical  images  of  the  natural  antibacterial  surface-active  compound
1,1,3,3-tetrabromo-2-heptanone  (TBH)  on  Bonnemaisonia  hamifera.  The  use  of  gold  colloids  function-
alised  with  the  internal  standard  4-mercapto-benzonitrile  (MBN)  made  it possible  to  create  images  of
the  relative  concentration  of  TBH  over  the  surfaces.  A  gradient  of  TBH  could  be  mapped  over  and  in  the
close  vicinity  of the  B.  hamifera  algal  vesicles  at the  attomol/pixel  level.
T-OPLS  produced  a measure  of  the  spectral  correlation  for  each  pixel  of  the  hyperspectral  images  whilst




ransposed orthogonal partial least squares
yperspectral image
not including  spectral  variation  that  was  linearly  independent  of  the  target  spectrum.  In this  paper  we
show  the  possibility  to  retrieve  speciﬁc  spectral  information  with  a low  magnitude  in  a complex  matrix.
© 2012 Elsevier B.V. Open access under  CC BY-NC-ND  license .pectral imaging
. Introduction
Halogenated organic compounds are known to be produced by
 vast number of marine micro- and macroalgae [1].  In the early
980s, the genus Bonnemaisonia was shown to produce a large
umber of brominated secondary metabolites [2,3]. The bromoke-
ones, amongst them bromoheptanones, have been shown to be
roduced as intermediates in peroxidative bromination reactions
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Open access under  CC BY-NC-ND  license .in algae [4]. These compounds are contained in specialised vesi-
cles, and have antibiotic properties [3].  More recently, their ability
to act as natural chemical defence agents against bacterial growth
on algae surfaces has been demonstrated [5].  Bromoheptanone is
supposedly spread from the vesicles onto the surface of the algae.
Attempts have been made to quantify the surface concentration of
it by extraction, measurements with gas chromatography, and the
calculations has been based on approximated values of surface area
[6].
Another methodology for studies of surface active compounds
is chemical imaging, which is a non-invasive technique with little

































































image presentation, unfolding and reassembly after modelling. For
transposed OPLS modelling, spectra were put as variables where8 A. Abbas et al. / Analytica 
 tool for quality control in pharmaceutical and food industries.
yperspectral images can be seen as a stack of images, where each
avelength has its own image [7],  or as an image cube contain-
ng one spectrum per pixel. This type of images are used in quality
ontrol of pharmaceutical tablets [8],  screening of grain for breed-
ng new qualities [9],  and scanning of human skin to detect cancers
10]. The images may  be based on spectroscopic techniques such as
aman. Hyperspectral imaging with surface enhanced Raman spec-
roscopy, SERS, has been used to study cellular contents [11,12].  The
hallenge with these techniques is to extract relevant information,
uch as the distribution of a speciﬁc compound on a surface from
undreds or thousands of spectra, with thousands of variables for
ach sample. A technique that has been used for decades to anal-
se hyperspectral image content is to unfold images into a table
f spectra, followed by principal components analysis (PCA) [7].  At
elatively high concentrations, where the compound of interest is
istributed in larger patches, or where the compound spectrum has
he largest variation in the image, multivariate techniques such as
CA are sufﬁcient to identify and map  the presence of the analyte
f interest [11].
Other tools that can be used for unfolded spectra are partial
east squares (PLS) [13,14], and PLS discriminant analysis (PLS-
A) [15,16].  Orthogonal projections to latent structures (OPLS)
as later introduced to improve the interpretability of PLS mod-
ls [17]. Another development for hyperspectral imaging was
arget PLS [18,19], where a target spectrum is correlated with
he pixel spectra. 3-way multivariate methods are also possible
o use [20] when the modelled systems have linear responses.
ll these multivariate data analysis tools have the advantage
hat they can handle a high degree of noise in the data due to
heir ability to base the modelling on combined spectral pat-
erns from many wavenumbers simultaneously [21]. In an earlier
tudy [22] we introduced the novel technique target OPLS inspired
y Feudale and Brown [18] and Budevska [19]. This naming is,
owever, easily confused with target rotation [23]. Therefore, we
ere after refer to our developed technique as transposed OPLS
T-OPLS).
In vivo measurements of biological samples usually require a
echnique where the water in the sample matrix has a low spec-
ral interference. In such cases, a good choice of method is Raman
pectroscopy, since the polarisability of water molecules is low,
nd, thus, they have a low Raman cross section. However, the
oncentrations of metabolites in biological samples can be low,
nd Raman has in general high detection limits. This limitation
ay  be circumvented by using surface enhanced Raman spec-
roscopy (SERS). The enhancement factor is, however, variable,
hich makes chemical images describing the distribution of an
nalyte difﬁcult. We  have earlier introduced the concept of the
se of an internal standard for normalisation purposes in com-
licated matrices i.e. human plasma [14]. SERS has an additional
eneﬁt since ﬂuorescence is quenched by the metal surfaces used
or the enhancement. The degree of quenching is dependent on the
uantum efﬁciency (QE) of the molecules. For molecules with high
E, such as dyes and pigments, the ﬂuorescent emission will be
iminished [24,25].  The combination of the low detection limit and
he quenching of ﬂuorescence make this technique a suitable tool
or studies of highly ﬂuorescent materials such as plant and algal
issues.
Here we introduce transposed OPLS in combination with SERS
s a tool to study the distribution of a surface-active antibac-
erial substance on the red alga Bonnemaisonia hamifera. The
im was to separate two analytes with known spectra from the
est of the spectral variation in the images. In this paper we
how for the ﬁrst time the possibility to retrieve compound spe-
iﬁc spectral information with a low magnitude in a complex
atrix.a Acta 737 (2012) 37– 44
2. Methods
2.1. Solutions and samples
4-Mercapto-benzonitrile (MBN) was  obtained from Sigma
Aldrich. Gold colloids with particle size 60 nm were purchased from
British bio cells, UK, and were coated with MBN. According to the
manufacturer the particle size distribution is between 57 and 63 nm
as a mean size, and will have a coefﬁcient of variation of the size
distribution of less than 8% from the mean.
Gold colloidal suspension was  added to a MBN  solution (1 mM
in ethanol) and was left overnight. Colloids were spun down and
washed with milliQ water to eliminate unbound MBN. The coat-
ing provided a monolayer of MBN  over the surface of gold colloids,
which produced strong signals of MBN  during the SERS data acqui-
sition [14]. Extracted 1,1,3,3-tetrabromo-2-heptanone (TBH), the
major bromoheptanone found in B. hamifera, was used to obtain
reference spectra. The extraction procedure is described in Nylund
et al. [6].
The tetrasporophyte phase of B. hamifera was used for the in vivo
measurements. This alga forms 1–2 cm high tufts of thin, branched
ﬁlaments. In both phases (gametophyte and tetrasporophyte) there
are small vesicles (gland cells) that alternate from side to side of the
ﬁlament. These vesicles have been suggested to be involved in the
production and/or storage of organobromine compounds [3,5,6].
Tissue samples from B. hamifera were put in Labtek glass cham-
bers and one piece of branched alga was spread on the surface of
the glass. 200 L of gold colloid solution was centrifuged to 50 L,
and was dispersed over the alga. A cover slip was placed over the
alga to keep it ﬁxed in the microscope. A total of 11 alga containing
samples were prepared, 2 with normal gold colloids, 8 with MBN
coated gold colloids, and one without colloids.
2.2. Measurements
Spectra were collected using a Confocal Raman Spectrometer
(CRS) (Dilor Labram INV) equipped with a Confocal microscope
(Olympus) with a 100× objective (NA = 0.75). The laser excitation
wavelength was  785 nm with a power of 40 mW,  corresponding to
11 mW at the entrance of the lens. A charged coupled device (CCD)
detector was  utilised. Each spectrum was measured three times
and spectrum acquisition time was  3 s. Longer acquisition time was
tested, which caused sample bleaching, thus, no improvement of
the Raman signal. The spectral range was for the measurements
with MBN  coated colloids 251–1999 cm−1, and for the ones with
non-coated colloids 429–1657 cm−1.
Hyperspectral images of vesicles of B. hamifera were acquired
by measuring over the algae surfaces in xyz direction. The xy stage
of the microscope was moved in 1 m steps covering a mean
area of 10 m × 10 m,  yielding a total pixel size of 1 m2. This
approach created 2-dimensional maps of the studied area. In the z-
dimension we  sampled individual layers separated by 1 m using a
fully adjustable confocal pinhole aperture. Since the algae surfaces
were curved, the surfaces of the algae were present in a range of
measured layers.
2.3. Data analysis
Simca 12.0.1 (Umetrics, Umeå, Sweden) was  used for OPLS mod-
elling. For full deﬁnition of the OPLS model equations see Trygg
and Wold 2002 [17]. In-house software DeterminatorIV 0.53 and
routines from Python Matplotlib [26] were used for hyperspectralthe columns of the X matrix and the y-variable contained spec-
tra. The spectra in the columns were unit variance scaled prior to










































proﬁles in the image. For this purpose methods such as MCR, T-
PLS, and T-OPLS are appropriate. Our situation is that we have a
known spectrum of TBH and low signal to noise ratio for TBH inig. 1. Acquired SERS spectra of Bonamisonia hamifera showing different spectra a
eatures. Spectrum (b–d) are acquired from, vesicle, thallus, and from the interface 
odelling. This corresponds to pre-processing by standard normal
ariate (SNV) transformation for a normal OPLS model.
Q2 is a diagnostic measure of the quality in multivariate models
ased on cross-validation, where fractions of data are systemati-
ally kept out, e.g. a model is calculated on 6 out of 7 of the spectra
n each round. A sum of squares is then accumulated for the devi-
tions from the actual model response y. These sums of squares,
alled Prediction Error Sum of Squares (PRESS), are accumulated
or all kept out fractions and compared to the total sum of squares
or the variation in y (SS(y)) by the formula: Q2 = 1 − PRESS/SS(y).
he Q2 values are calculated per model component and can also be
eported as a cumulative value for the determined number of com-
onents. In principle, R2X is the same measure but without cross
alidation. For OPLS, R2X of the predictive component is also a mea-
ure of how much of the variation in X that is related to the variation
n y.
The MBN-normalised images were calculated from the OPLS
redictive loadings in the following way: one model was made with
n MBN-spectrum as y. Another model was made with a TBH spec-
rum as y. Then the loadings for these models were inspected. If the
oadings had few or no negative peaks, they were accepted for fur-
her normalisation. Then the zero level for both MBN  and TBH was
stimated as the respective mean values of the predictive T-OPLS
oading values obtained from the blank image. These mean values
ere subtracted from the MBN  and TBH predictive loading val-
es, yielding only positive MBN  values, before all individual loading
ixel values for bromoheptanone were divided by the correspond-
ng pixel value for MBN. Then the resulting divided pixel-values
ere used to plot pseudo-colour images of the bromoheptanone
istributions.
The Internet based IR and Raman spectrum modelling tool Com-
pec3D based on the quantum mechanical calculation tool VAMP
.0 (Oxford Molecular Ltd, Oxford, GB) was used to calculate the
and assignments of TBH.
. Results and discussion
Hyperspectral images were collected from surfaces of the red
lgae B. hamifera in order to investigate if the surface distribution
f the naturally produced TBH could be mapped and subsequently
uantiﬁed using MBN  coated gold colloids. Eight vesicles of B. ham-
fera were mapped using MBN-coated gold colloids. The measured
rea always covered the vesicles and part of the thallus (main body)
f the algae. The results show that different parts of the algae exhibit
arying spectral features (Fig. 1).rent focus points. Spectrum (a) taken outside the alga is not showing any spectral
en the vesicle and thallus.
Band assignments against the calculated spectrum of TBH were
found at 506, 524, 687, 706, 853, 904 and 1258 cm−1. Speciﬁcally
anti-symmetric and symmetric stretch of C C( O) C of heptanone
at 1168 cm−1 and 722 cm−1 were visible, whereas major peaks in
the case of MBN  were visible at 338, 491, 698, 1158, 1254 and
1628 cm−1 (Fig. 2).
Due to the low signal to noise level in combination with other
compounds present, it was  not possible to map  the presence of
1,1,3,3-tetrabromo-2-heptanone using e.g. univariate peak heights
or peak areas. Hence, multivariate modelling was selected. Eval-
uations of chemical images have been performed with many
techniques. These methods can for our purpose be divided in two
rough groups. The ﬁrst group is one that is able to ﬁnd groups of
pixels with same or similar spectra that do not need to be known
prior to the analysis, e.g. hierarchical cluster analysis according to
various distance measures [27], cosine correlation analysis [28],
the application of PCA followed by multivariate curve resolution
[29] (MCR), and regular PCA optionally followed by a PLS-DA, or
an OPLS-DA step. The second group consists of methods where the
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he acquired hyperspectral images in the image. Thus, we want
o select amongst the methods in group two. We  have previ-
usly worked successfully with regular PLS calibrations for SERS
easurements utilising the beneﬁts of noise reduction in PLS mod-
ls [30] and successfully made calibrations during these conditions.
CR  would have been adequate for this analysis with higher signal
o noise levels present, or extensive pre-processing of reference
pectra. T-OPLS has similar properties to MCR  but the additional
eatures are: (a) the instrument and sampling noise is to a large
xtent separated from the chemical information, (b) the need to
ave reference spectra for all major spectral features of the image
s avoided.
The acquired images were unfolded into a list of spectra whilst
imultaneously keeping track of pixel locations and source image.
hereafter, the maps of TBH and MBN  were obtained by T-OPLS
odelling.
Orthogonal PLS (OPLS) is a development of the original PLS algo-
ithm where the multivariate model is divided in two parts, the
redictive component that usually contains one component per
esponse, and the orthogonal part that contains a number of com-
onents determined by the cross-validation. OPLS will not give
ifferent predictions than PLS, but the interpretability of loadings
nd scores is enhanced [13,17]. In OPLS there is only one predic-
ive loading (p) that correlates with a single y response whilst all
ther loadings (po) describe the orthogonal variation in the spectra
 that is independent of the variation of the reference spectrum in
 such as dominant variation patterns that are uncorrelated with
he y variation.
One alternative technique would be T-PLS [18]. However,
sing PLS, the signal of the analyte will be spread out in sev-
ral loadings, since the analyte is not the dominating variation
n the image, whilst OPLS will concentrate the variation of the
nalyte in one loading. In a normal OPLS calibration the spec-
ra are inserted as rows in the X matrix and the weighted
verages of the spectra is described by the OPLS loadings (p) and
ubsequent orthogonal loadings (po). Each spectrum is correlated
ith a corresponding response (y) value containing the corre-
ponding concentration.
In transposed OPLS (T-OPLS) the spectra in both the X matrix and
he y response are transposed. The loadings are then weighted aver-
ges of the variation in the spectral proﬁles of X that are correlated
ith the spectral proﬁle in y. For hyperspectral imaging, the predic-
ive loadings (p) will contain the relative variation of the spectral
eference proﬁle placed in y. The scores (t), that traditionally con-
ains the relation between spectra of different samples or pixels,
ill contain a series of weighted averages of the wavelength or
requency values in the spectra. The predictive scores (t) can be ver-
ﬁed to contain the spectral proﬁle of the reference substance and
he loadings will contain the spectral correlation with the reference
 for each image pixel.
Our ﬁrst attempt to apply T-OPLS in marine systems was  to
nvestigate the intracellular distribution of carotenoids in a marine
icro-alga [22] using resonance Raman without SERS. This tech-
ique allowed us to get the signal of the analyte mapped in a single
-OPLS predictive loading. When the spectra in the image contain
 larger fraction of orthogonal variation i.e. spectral variation in the
mage that is unrelated to the proﬁle of the reference y, this varia-
ion in the image is located in the OPLS orthogonal loadings (po) and
ill be separated from the reference spectrum if they are dissimilar
o the reference spectrum proﬁle. This is an even more essential fea-
ure for this work since we have an internal standard deliberately
ixed together with the analyte that needs to be separated.
We used the spectral range 251–750 cm−1 for the TBH T-OPLS
odel and 1000–1300 cm−1 for the MBN  model. As can be seen
n Fig. 2, TBH have pronounced spectral features in the chosen
egion. It was attempted, but not possible, to use the full acquireda Acta 737 (2012) 37– 44
spectral range for TBH. Interferences were observed at the location
of the larger MBN  peaks above 950 cm−1, and the TBH spectrum
was not well reproduced in the T-OPLS predictive score vector
within a reasonable number of components. MBN  models in the
range 215–950 cm−1 and 215–750 cm−1 were tested, but yielded
slightly non-linear models veriﬁed by the shape of the ﬁrst orthog-
onal T-OPLS scores [31]. Other selections were attempted and a
linear model response was  found in the range 1000–1300 cm−1.
The internal standard MBN  was  used in order to construct
images of the relative concentration distribution of TBH over the
surface of B. hamifera. The surface enhancement is achieved by
introducing a metal surface, in our case gold colloids. The enhance-
ment factor is known to vary with the roughness of metallic
surfaces, and the shape and size of colloids. We have introduced the
concept of internal standard in SERS [32] in order to compensate
for the variation in enhancement. The internal standard is attached
to the colloids as a monolayer. MBN  has been shown to form stable
monolayers [14].
The references were the original SERS spectra of TBH and the
internal standard MBN. For each reference, a model was  made.
The spectrum of the reference was  put in the model as one col-
umn, yielding one y variable. The T-OPLS model was created from
a dataset that comprised eight images.
The T-OPLS model for 1,1,3,3-tetrabromo-2-heptanone, com-
prised 9 components, and the one for the internal standard, MBN,
comprised 2 components. The number of components counts the
features that can be linearly modelled above the noise level. To
investigate the lower end of the response of TBH and MBN, we
made a blank image of an alga without colloids. This blank image
was inserted into the MBN  and TBH models. These models both
had Q2 values of 0.98. Q2 values > 0.5 indicate that spectral struc-
tures in the images are consistent between pixels. The variation in
spectra that was  correlated to the shape of the target spectrum was
described by R2X for the predictive component (TBH; 0.26, MBN;
0.63). The higher value of R2X for MBN  indicates that the MBN sig-
nal is stronger than the signals for TBH in the images. However, we
have earlier seen that the choice of internal standard is critical with
regard to its own  spectral features and Raman cross section [32].
If the cross section is too large, the spectral features of the inter-
nal standard will dominate. We  have chosen MBN  since it has been
shown to allow surface enhancement of non-colloid attached ana-
lytes in combination with its own surface enhancement, and, thus,
have spectral properties suitable for quantiﬁcation purposes [14].
Both T-OPLS models were linear, i.e. curved shapes in the loadings
or scores were not observed, and no repetition of similar shapes
[31] in the scores or loadings of the orthogonal part of the model
were found.
The reference spectra in the chosen spectral regions can be seen
in Fig. 3 along with the score values for the predicted scores for
the same range (dotted lines). Both predicted scores spectra ﬁts
relatively well to the reference spectra.
Fig. 3 shows interrupted lines for the ﬁrst orthogonal T-OPLS
scores. These orthogonal scores show the largest variation in the
data not related to the y-reference. For both models the main fea-
ture of these scores is the variation of the baseline. For the TBH
model the second orthogonal score spectrum shows the variation
of the MBN  peaks in the TBH model range of the model (not shown).
This means that OPLS is able to separate the MBN  variation from
the TBH variation, and, thus, multi-analyte analysis is working even
in regions where both analytes have a spectrum.
There is a potential that the non-colloid containing sample in the
MBN and TBH models would introduce artefacts. With the removal
of the image without colloids (blank), we would expect that the
number of components and R2X values would remain on similar
levels as for the models containing the blank image if no artefacts
were present. The model diagnostics, excluding blank, were for
































fig. 3. The predicted and ﬁrst orthogonal scores spectra of 1,1,3,3-tetrabromo-2-h
pectrum (solid line), predicted score (dotted line) and the ﬁrst orthogonal score (in
BN  (components = 2; Q2 = 0.98; R2Xpred = 0.69) and TBH (compo-
ents = 9; Q2 = 0.98; R2Xpred = 0.27). These values are on the same
evel as those of the models with the blank image. The same num-
er of components with and without blanks indicated that there
ere no additional other spectra in the blank above the noise
evel.
The blank image was used to verify that modelled MBN  and TBH
evels in the measured images actually contained information. We
nvestigated the difference in variation, and average level over the
lank and the colloid containing images. For both the MBN  and
he TBH models we found that both the variation and the average
ntensity of the signal were lower in the blank image (Fig. 4).
Another question was, can we model TBH without MBN  present?
nother two blanks containing algae and colloids, but no MBN,
ere prepared. It was possible to make separate TBH mod-
ls (components = 5; Q2 = 0.95; R2Xpred = 0.21 and components = 7;
2 = 0.90; R2Xpred = 0.10), and they reproduced TBH spectra in
he T-OPLS predictive scores. These models were made in the
00–750 cm−1 range. However, analysis without using the internal
tandard will not give accurate relative distributions since we have
o mean to compensate for the variation in surface enhancement.
We  have seen cases during the preliminary modelling of TBH in
. hamifera where the reference spectrum failed to be reproduced
n the predictive scores. Hence, it is important to observe the ﬁt
etween the standard and the predicted spectrum in combination
ith the number of components and in addition the level of Q2.
he number of components that give over-ﬁtting was estimated
y ﬁtting a completely different spectrum, Rhodamine 6G to the
ame data set. In this case we got 13 (1 + 12) components and a Q2
f 0.87. This level is well above the number of components of TBH
nd MBN.
The chemical images, which show the relative distribution of
BH over the surfaces of vesicles and algal thallus, were constructed
rom normalised values, which were obtained by dividing theone, TBH, (upper graph) and MBN  (lower graph). The graphs show the reference
pted line) against the reference y in the respective model.
T-OPLS predictive loadings of the TBH variation by the correspond-
ing predictive loadings for MBN. From the mixture of varying
spectra in Fig. 1, T-OPLS has enabled us to extract and normalise
the TBH signal independent from other spectral variation. In Fig. 5
two examples of the relative distribution of TBH is shown. As
can be seen we  have a variation of TBH levels between algae
images, in this case the upper image has approximately two
times larger TBH content than the lower. Nylund et al. [5] esti-
mated the amount of TBH on B. hamifera to be approximately
4 g cm−2. If we  translate this to our measurements with a sur-
face area of around 100 m2, it would correspond to an average
measurement of 40 attomol TBH per pixel. However, we have
still not reached the point where we  are able to calibrate in one
pixel. Being able to trace these low levels of TBH in a complex
matrix clearly shows the usefulness of T-OPLS in combination with
SERS.
In the case of cells with membranes, colloids enter the cells by
pinocytosis, but in algae the colloids do not penetrate the cell walls.
Surface enhancement decreases rapidly with distance; therefore
the measurements of TBH in this study were surface measure-
ments. This was veriﬁed by making a crude qualitative regular
non-transposed OPLS model on the full spectral range of the image
spectra of one vesicle with one MBN-reference spectrum with the
concentration set to 1 and a set of 20 spectra from a vesicle without
MBN-coated colloids with the MBN-concentration set to 0. When
this model was used for prediction of MBN  concentration from a
10-layer image of a vesicle, the ﬁrst 4 layers showed MBN-colloids
spread over the whole image, whilst the latter 6 layers had close to
zero MBN  signal except in one corner of the image that was located
outside the alga body. Thus, we  see that there is a distinct depth
level where the MBN-signal vanishes. Also, the surface signals from
the 4 upper layers had similar patterns but not the same signal
intensity. This information was  used to identify the upper layer for
the images.
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Fig. 4. T-OPLS predictive loadings (p[1]) from the TBH (A) and MBN (C) models plotted for the lower image of Fig. 5 in relation to the values from the TBH (B) and MBN  (D)
blanks.  The error bars were calculated in Simca-P 12 using jack-kniﬁng [33].



























tig. 5. Two examples of the relative distribution of 1,1,3,3-tetrabromo-2-heptano
mages  to the right show the relative distribution of TBH. These were constructed f
Our described method can be used for the simultaneous
etermination of the distribution of surface active compounds
nd bacterial abundance. The method is easily generalised to
ther organic molecules since it, for each component of interest,
nly requires a reference spectrum that has peaks partly non-
verlapping with the peaks of the internal standard. We have
resented a method for the relative distribution of an analyte on
 surface, and we foresee in the future that actual concentration
mages can be developed.
. Conclusions
For the ﬁrst time, surface enhanced Raman spectroscopy com-
ined with transposed OPLS (T-OPLS) was shown to produce
hemical images of the antibacterial surface-active compound
,1,3,3-tetrabromo-2-heptanone at concentration levels around
ome tenths of femtograms per m2. Thus, this method provides
he means to study the distribution of compounds that participate
n the chemical defence of algae against bacterial surface coloni-
ation without tedious sample preparation such as extraction of
lgae surfaces. It also presents a possibility to study the ecological
igniﬁcance of such compounds in situ in real time.
The MBN  coated colloids made it possible to normalise the
mages to compensate for the increase in Raman signal that occur
hen the colloids aggregate. The T-OPLS model for MBN  was clear
ut and gave good contrast, whilst the T-OPLS model for 1,1,3,3-
etrabromo-2-heptanone gave less contrast and needed selection
f wavenumber range, due to low Raman signal in comparison with
BN. An additional difﬁculty was the surface curvature of the algae
hat created the need for collection of more than one image layer [e photos to the left show the sampled area of the vesicles whilst the false colour
e T-OPLS models of TBH and MBN.
for subsequent selection based on MBN  signal levels. In conclu-
sion, the main advantage of T-OPLS is that it is possible to map  the
presence of one known spectrum per model without knowing the
shapes of all the other spectra present in the sample. Moreover,
the unknown spectral variation is shown in the orthogonal OPLS
scores. Thus, new information can inferred from unknown spectral
features.
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